With increased penetration of distributed energy resources and electric vehicles (EVs), different EV management strategies can be used for mitigating adverse effects and supporting the distribution grid. This paper proposes a robust multi-objective methodology for determining the optimal day-ahead EV charging schedule while complying with unbalanced distribution grid constraints. The proposed methodology considers partially competing objectives of an EV aggregator and the respective distribution system operator, and applies a fuzzy-based mechanism for obtaining the best compromise solution. The robust formulation effectively considers the errors in the electricity price forecast and its influence on the EV schedule. Moreover, the impact of EV reactive power support on objective values and technical parameters is analysed both when EVs are the only flexible resources and when linked with other demand response programs. The method is tested on a real Danish unbalanced distribution grid with 35% EV penetration to demonstrate the effectiveness of the proposed approach. It is shown that the proposed formulation guarantees an optimal EV cost as long as the price uncertainties are lower than the aggregator's conservativeness degree, and that EV reactive power improves local conditions without significantly affecting the EV cost. 1 Nomenclature Sets and Indices φ Set of phases {a,b,c}. i, j Index for bus i,j. l Set of distribution lines. t Set of time intervals. Parameters (P/Q) φD 0,i Nominal active/reactive power of demand connected to bus i on phase φ. ∆ −/+ t Negative/positive electricity price deviation at time t. η φ,EV ch,i
actual electricity price deviates from the forecasted value to a certain conservativeness degree 66 defined by the EV aggregator. 67 • To analyse the impact of EV reactive power support both on technical parameters and on EV 68 charging cost in case when EVs are the only flexible resource and when interconnected with 69 other demand response. The assumptions of this paper are described as follows: 73 • All EVs are under the jurisdiction of a single EV aggregator who entered into a contract 74 with individual EV owners, knows their connection points and uses estimation techniques for 75 predicting EV arrival and departure times to manage the scheduling. EVs are equipped with 76 smart metering technology and can be remotely controlled by receiving the active/reactive 77 power charging set point. It is also assumed that EV users are not interested in how and when 78 the vehicles are charged as long as they are fully available by the estimated departure time 79 which remains true as long as the aggregator remunerates all users in the same manner. The 80 specific way the aggregator chooses to remunerate the users is beyond the scope of this paper.
81
• Grid operator has access to the following information: network size, network topology, line 82 specifications and transformer specifications. Smart metering technology with load control 83 capability is assumed to be present in each household and can be used for rescheduling part 84 of the consumption through demand response program [1, 24] . 85 • DSO and EV aggregator utilise techniques for forecasting the day-ahead electricity price with 86 the respective uncertainty bounds, as well as the consumption which can be forecasted with 87 reasonable accuracy. Therefore, the error associated with the load forecast and user behaviour 88 has been disregarded. 89 • Similarly to available PV inverters, the 4-quadrant EV converter can be enabled to exchange 90 6 reactive power with the grid without affecting the state-of-charge and consequently user com-91 fort. It is assumed that EV converters are sized to provide reactive power additionally to the 92 active power charging rate with no need for curtailing the active power [12, 13] . Similar PV 93 inverters are already commercially available due to grid codes in several European countries. 94 
Constraints

95
In this work, a three-phase grounded four-wire system optimal power flow is formulated based 96 on [25] and implemented as a single non-linear program which can be solved by commercial 97 non-linear solvers such as CONOPT or IPOPT. Within this formulation, the calculated active and 98 reactive power for phase a of branch ij at time t are given as follows:
Similar equations can be extracted for active and reactive power of the remaining two phases b and 100 c. The power mismatch equations for each bus are given as follows:
The voltage dependency of residential demand is given by equation (5) where P φD 0,i and Q φD 0,i rep-102 resent the load's nominal active and reactive power, respectively, whereas κ equals to zero for 103 constant power loads, one for constant current loads or two for constant impedance loads. Further-104 more, residential consumption is assumed to be somewhat flexible, so the load may vary within the 105 7 observed period as described by equation (6) and equation (7). The load's reactive power is then 106 given by equation (8).
Q φDnew
The distribution grid voltage and power flow constraints are formulated as follows:
where S φ ij,max is the maximum apparent power capacity of branch ij. In addition, the MV side of 109 the transformer is assumed to be the slack bus with fixed voltage magnitudes and angles.
110
EV characteristics are expressed using the following constraints:
Equation (11) describes EV state of charge (SOC) dependent on the SOC in the previous time 112 step, EV charging power and EV charging efficiency, whereas the battery size constraint is given 113 8 by equation (12). Equation (13) imposes the restriction where EVs must be fully charged before the estimated departure time to ensure they are fully available for primary transportation purposes.
115
As represented in equation (14), EVs are modelled as a constant current load with κ = 1 [26, 27] 116 where P φEV 0,i,t represents the EV active power value at nominal voltage conditions. In addition to 117 EV active power constraints described in equation (15), it is assumed that EVs have the possi-118 bility to dynamically modulate the power factor under constraints described in equation (16) losses f 1 can be formulated as:
where P φloss l,t are the total losses on phase φ of line l.
128
The second objective function is minimising the total EV charging cost since it is assumed that 129 the aggregator enters into a contract with individual EV owners. Then, this function represents the 130 aggregator's main concern as by minimising the total charging cost, it maximises the revenue. The 131 minimisation of EV charging cost f 2 can be formulated as:
Assuming that F (DV, Π) is the vector of objective functions where DV represents decision vari- 
where varies from the maximum to the minimum value of f 1 .
144
After obtaining all Pareto points and in case the front is non-convex, it is necessary to compare 145 individual solutions and exclude the dominated ones (local Pareto points) from the frontier. [31]. Hence, the uncertain electricity price is formulated as follows:
where λ min t and λ max t are the lower and upper bounds of λ t , respectively.
155
Optimal decision making is done so that the obtained solution remains good if the actual electricity 156 price λ a t deviates from the forecasted value λ f t to some degree Γ. Ref.
[32] proves that the robust 157 solution will be feasible with high probability even when more than Γ forecasting errors occur.
158
In case the actual electricity price is higher than the forecasted value, constraints for uncertainty 159 modelling can be expressed as equation (23). Similarly, in case the electricity price is lower than 160 the forecasted value, constraints in equation (24) apply. As the decision maker seeks the robust-161 ness against undesired events, equation (24) is not considered as an issues, so the main concern 162 remains the case when the electricity price is higher than the forecasted values, as formulated in 163 equation (23).
11 2.5. Robust optimisation formulation 166 Taking price uncertainty into consideration, the objective function formulated in (19) becomes:
Here, Γ is a parameter specified by the decision maker which is introduced to prevent too conser-168 vative solutions [32] . More precisely, it denotes the maximum total deviation that can be tolerated.
169
Γ can vary from 0 (meaning no uncertainty may happen) to 24 (all uncertain parameters may take 170 their worst value). The higher the Γ, the more conservative the decision maker is. One should note 171 how for Γ = 0, the robust problem converts into the nominal one. In order to find the worst case 172 condition of price uncertainty that would cause the maximum increase in EV cost, it is necessary 173 to formulate the robust counter part of equation (25) as follows [33] :
This formulation requires to solve a bi-level optimisation problem which can, according to the duality gap theory [33], be transformed into:
We remark that the obtained single level optimisation in equation (27) Once the Pareto optimal front is determined, a range of solutions is available between which the 181 final operating schedule should be chosen. Here, a fuzzy satisfying set theory is used to choose 182 the best candidate solution. The concept can be described as follows: for each solution X n in the 183 Pareto optimal front with N s solutions, a membership function µ k (X n ) is defined to show the level 184 of which X n belongs to the set that minimises the objective function f k . A linear membership 185 function is used for both objective functions as follows:
where f kmin is the minimum, and f kmax is the maximum value of objective f k .
187
The best compromise solution is then determined by the decision maker. A conservative deci- can be found as:
By using this criteria, it could be interesting for the decision maker to arrange the Pareto solutions 192 in a descending order, and obtain a priority list of possible schedules. In case the DSO is not 193 interested in the best possible solution, but only requires EV schedules for which the losses are 194 below a certain threshold, the robust multi-objective problem (27) is solved for a fixed value of . with the assumption that the voltages of the MV slack bus are kept at 1 p.u., so ±10% U n is 202 completely available for LV regulation (V φ i,t,min = 0.9 U n , V φ i,t,max = 1.1 U n ). As seen in Fig. 1 (21) is considered without any price uncer-262 tainty and using the optimal scheduling as follows:
263
• IIa: Multi-objective optimisation is performed by optimising only EV active power under 264 constraints (1) to (5) and (9) tainty and using the optimal scheduling as follows:
273
• IIIa: The decision variables are the same as in case IIb, i.e., DV IIIa = DV IIb under 274 constraints (1) to (5) and (9) to (17).
275
• IIIb: The decision variables are the same as in case IIc, i.e., DV IIIb = DV IIc under 276 constraints (1) to (17).
277
The simulations are done using GAMS software with the commercial CONOPT solver (which is 278 well suited for models with very nonlinear constraints) on a notebook with a 2.6-GHz Intel(R) IIc are given in Fig. 3 with the best compromise solutions emphasised with filled red shape.
295
Foremost, it is obvious that introducing EV reactive power flexibility has beneficial impact 296 on the grid as the Pareto optimal front moves towards the utopia point, which is even more 297 improved in scenario IIc where demand response is added. It is interesting to notice how the 298 8.7 8.8 8.9 9 9.1 9.2 9.3 9.4 9.5 9.6 9.7 9.8 9.9 10 10.1 period. For scenarios IIa-IIc, none of the EVs will charge in the peak period as the electricity 314 price is too high. As depicted in Fig. 6a for several individual EVs, active power schedules 315 depend on the EV connection point. Regardless, all EVs charge during the night resulting 316 in a lower peak load and a reduced need for grid reinforcement. Revisiting Fig. 4 , it can be 317 seen that losses in the off-peak period diverge for different scenarios since EVs provide local 318 reactive power support. One should bear in mind that higher EV penetrations would impose a 319 higher total consumption, so introducing the local EV reactive power support could be more observed for some vehicles connected in area A as depicted in Fig. 6b that minimum losses are lower in Scenario IIIb due to the additional demand response flexi-358 bility. Hence, similar to the nominal case, maximum EV cost increases and best-compromise 359 solutions are somewhat higher than in Scenario IIIa, which can also be seen from values in 360 Table 1 .
361
The importance of utilising EV reactive power capability can also be appreciated from Fig. 9 362 which depicts the cumulative EV reactive power profile in dependence of losses for three 363 values of the conservativeness degree Γ. It can be observed that reactive power profiles differ since the flexibility is used to satisfy DSO's requirements with respect to losses differently.
In such way, modulating EV active power can potentially be avoided and, consequently, so 366 can the increase in EV charging cost for various loss values.
367
In order to check the robustness of the proposed algorithm, a Monte Carlo simulation has 368 been conducted. First, the robust EV schedule is obtained for Scenario IIIb with a set conser-369 vativeness degree Γ = 12 and f 1 = max for which the total EV cost equals to 9.70 e (also 370 seen from Table 1 ). Next, 10000 samples of price values λ t 1→24 are generated so that (25b) 371 and (25c) are satisfied. The total EV cost based on the previously obtained decision variables 372 is calculated for each price profile. Fig. 10 clearly shows that all obtained EV cost values are 373 below the value specified by the robust optimisation model marked with a red line (9.70 e).
374
This proves that applying the obtained decision variables ensures the aggregator that the total 375 EV cost will not exceed the obtained robust solution as long as the total price uncertainties 376 remain less than the conservativeness degree Γ. 
Conclusion
378
This paper presents a robust multi-objective model for optimal active and reactive EV scheduling 379 in unbalanced distribution networks. Two objective functions have been used in resource schedul-380 ing, namely minimisation of losses which represents the DSO's concern, and minimisation of EV 381 charging cost which represents the EV aggregator's main concern. After obtaining a Pareto front, 382 a fuzzy set approach is used to select the best compromise solution, i.e., to minimise the maximum 383 dissatisfaction of both parties. In addition, the impact of EV reactive power capability is investi-384 gated, both on the objective functions' values and on the grid technical constraints.
